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We  revisit  the general  linear  model  (GLM)  approach  to cross-frequency  coupling.
Continuous  time  series  were  split  into  epochs  for  parametric  statistical  tests.
The  GLM  and  permutation  tests  produced  similar  results  in experimental  data.
The  GLM  offers  a good  trade-off  between  computation  time  and statistical  power.
Other  predictors  such  as amplitude-amplitude  coupling  can be  easily  included.
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Background:  Growing  experimental  evidence  suggests  an important  role  for  cross-frequency  coupling  in
neural processing,  in  particular  for phase-amplitude  coupling  (PAC).  Although  the  details  of  methods  to
detect  PAC  may  vary,  a common  procedure  to  estimate  the  signiﬁcance  level  is  the comparison  of observed
values  to those  of at least  100  surrogate  time  series.  When  scanning  large  parts  of the  frequency  spectrum
and  multiple  recording  sites,  this  could  amount  to very  large  computation  times.
New  method:  We  demonstrate  that  the general  linear  model  (GLM)  allows  for  a parametric  estimation
of  signiﬁcant  PAC.  Continuous  recordings  are split  into  epochs,  of  a few  seconds  duration,  on which  an
F-test  can  be performed.  We  compared  its performance  against  traditional  non-parametric  permutation
tests  in  both  simulated  and  experimental  data.
Results: Our  method  was  able  to  reproduce  ﬁndings  of  phase-amplitude  coupling  in  local  ﬁeld  potential
recordings  obtained  from  the  subthalamic  nucleus  in  patients  with  Parkinson’s  disease.  We  also  show
that  PAC  may  be detected  between  the  subthalamic  nucleus  and  cortical  motor  areas.
Comparison  with  existing  method(s):  Although  the  GLM  slightly  underestimated  signiﬁcance  compared  to
permutation  tests  in the  simulations,  for experimental  data  the  two methods  produced  highly similar
results.  Computation  times  were  drastically  lower  for the  GLM.  Furthermore,  we demonstrate  that  the
GLM  can  be  easily  extended  by  including  additional  predictors  such  as low-frequency  amplitude  to  test
for amplitude-amplitude  coupling.
Conclusions:  The  GLM  forms  an  adequate  and computationally  efﬁcient  approach  for  detecting  cross-
frequency  coupling  with  the ﬂexibility  to add  other explanatory  variables  of  interest.
©  2015  The  Authors.  Published  by Elsevier  B.V. This  is  an open  access  article  under  the  CC BY  license. Introduction
Electrophysiological signals are traditionally partitioned into
ifferent frequency bands that show characteristic modulations
ith cognition and behaviour (Buzsáki, 2006). The functional
oles of these frequency bands are usually studied in isolation by
∗ Corresponding author. Tel.: +44 020 3448 4362; fax: +44 020 7813 1420.
E-mail address: b.vanwijk@ucl.ac.uk (B.C.M. van Wijk).
ttp://dx.doi.org/10.1016/j.jneumeth.2015.01.032
165-0270/© 2015 The Authors. Published by Elsevier B.V. This is an open access article u(http://creativecommons.org/licenses/by/4.0/).
looking at the spectral power of signals originating from single
brain regions or by applying linear measures of functional connec-
tivity like coherence or phase-locking between signals of separate
regions. Although this has revealed important insights into brain
functioning, it is likely that neural processing also relies on the
interaction between frequency bands (Canolty and Knight, 2010).
In fact, activity at different frequencies could be coupled in several
ways involving either the phase, amplitude or the frequency of the
signals (Jirsa and Muller, 2013). This opens up an additional range
of mechanisms through which information processing might be
nder the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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Fig. 1. Schematic overview of the processing steps required to apply the GLM. First
of  all, the instantaneous amplitude and phase for the intended frequencies need to
be  extracted using bandpass ﬁltering and Hilbert transformation. Z-transformation
of these time series ensures that PAC and AAC estimates are normalised and com-
parable to other existing measures. The ˇ-coefﬁcients of the GLM are estimated in
two ways: (1) using the entire data length available; (2) by ﬁrst dividing the contin-B.C.M. van Wijk et al. / Journal of N
chieved. Indeed, growing empirical evidence suggests that forms
f cross-frequency coupling are present in recorded brain signals
nd may  show modulations with task performance or pathology.
To date, phase-amplitude coupling (PAC) has been the best stud-
ed form of cross-frequency coupling, which arises when the phase
f a low frequency oscillation modulates the amplitude of a high
requency oscillation. A seminal example is the theta-gamma cou-
ling in rodent hippocampal activity (Tort et al., 2008, 2009), also
requently observed in humans across a range of frequencies and
rain regions (e.g., Canolty et al., 2006; Maris et al., 2011; Miller
t al., 2012). Some ﬁndings suggest a functional role for PAC, for
xample the pronounced theta-gamma PAC in hippocampus during
eriods of decision making (Tort et al., 2008) and the increase of PAC
ith the number of items kept in working memory (Axmacher et al.,
010). Moreover, PAC may  even serve as a mechanism to encode the
rder of items in memory (Lisman and Jensen, 2013). Remarkably,
n increased level of PAC could also be indicative of pathology, as
as found for beta-gamma PAC in the motor cortex of patients with
arkinson’s disease (de Hemptinne et al., 2013). Studying aspects
f PAC might therefore be helpful for understanding both normal
nd abnormal neural activity patterns.
Methods to detect PAC differ between studies but are usually
ither based on the entropy of the phase-amplitude distribution
Tort et al., 2008) or the computation of the resultant vector length
f amplitude values projected on the phase circle (Canolty et al.,
006). The latter could also be cast in the form of a general linear
odel (GLM) (Penny et al., 2008; Özkurt and Schnitzler, 2011b).
everal recent studies suggested possible improvements of these
ethods aimed at increasing the detectability of signiﬁcant cou-
ling. These include the selection of high amplitude time frequency
ins (Dvorak and Fenton, 2014), tracking of instantaneous fre-
uencies (van Zaen et al., 2013; Pittman-Polletta et al., 2014), and
ccounting for non-sinusoidal wave forms of the phase frequency
Kramer and Eden, 2013).
Regardless of the details of PAC detection algorithms, most
ethods depend on surrogate data to determine the signiﬁcance
f observed ﬁndings. Typically, for each permutation the PAC is
ecalculated with either the phase or amplitude signal shifted in
ime, and the measured PAC values are compared to a distribution
f at least 100 surrogate values. As often one is not fully certain
f the precise amplitude and phase frequencies at which effects
f interest occur, PAC is calculated for a whole range of frequency
ombinations. This may  result in large computation times when
urrogate PAC values have to be estimated for each of these com-
inations, particularly when investigating inter-regional coupling
n sensor or source level as the number of channel combinations
ould become large. In this paper we show that parametric statis-
ical analysis could be applied when PAC is estimated using a GLM,
ence obviating the need for computing surrogate data. Another
dvantage of the GLM is that p-values could be adequately corrected
or multiple comparisons using random ﬁeld theory (Brett et al.,
003; Kilner et al., 2005), which takes into account the dependen-
ies between PAC estimates at adjacent frequencies.
Although phase-amplitude coupling has been the most reported
orm of cross-frequency coupling, it does not exclude the potential
ccurrence of other forms of coupling. In particular, the slow
uctuations in amplitude of low and high frequency bands may  be
oupled via amplitude-amplitude correlations (Bruns and Eckhorn,
004; de Lange et al., 2008). We  demonstrate that the GLM frame-
ork could be easily extended to include amplitude-amplitude
AAC) coupling in addition to phase-amplitude coupling. This
llows for disentangling the contribution of phase and amplitude
omponents to cross-frequency coupling, as well as testing for
ossible co-occurrence of both forms. First we will illustrate
he validity of our approach using simulations of known ratios
f phase-amplitude and amplitude-amplitude coupling. Weuous data into shorter epochs and re-estimating the ˇ-coefﬁcients for each epoch.
The  latter estimates are subsequently used to assess the signiﬁcance of the overall
coupling values in the indicated way.
subsequently apply our method to invasive recordings of the
subthalamic nucleus (STN) obtained from deep brain stimulation
electrodes in Parkinson’s disease patients. Using simultaneously
recorded magnetoencephalography (MEG), we also look for
cross-frequency coupling between the STN and cortical activity.
2. Methods
2.1. GLM
The GLM for phase-amplitude coupling was introduced by
Penny et al. (2008). We  here extend this framework to include
amplitude-amplitude coupling and evaluate its ability to detect
signiﬁcant frequency combinations both in simulations and real
data. The procedure for this is summarised in Fig. 1. The ampli-
tude of high-frequency signal components acts as the data to be
explained by the GLM, while the predictors are formed by the phase
and amplitude of low-frequency signal components. These can
be obtained by following the conventional approach of bandpass
ﬁltering and the use of Hilbert transformation to extract the instan-
taneous phase via x = mod(angle(hilbert(x)), 2), and amplitude
via ay = abs(hilbert(y)). Here x and y denote the low and high-
frequency signal components respectively that have been obtained
after bandpass ﬁltering either the same or two different time series.
Note that the bandwidth of the ﬁlters should be adjusted according
to which feature is extracted. It is imperative that the bandwidth
of the ﬁlter for the amplitude is wide enough to include the centre
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requency ± phase frequency in order to extract an amplitude signal
hat could ﬂuctuate with the same frequency as the phase (Berman
t al., 2012; Dvorak and Fenton, 2014). This means that when
esting for phase-amplitude coupling between 10 Hz and 65 Hz,
he bandpass ﬁlter should at least be [55 75] Hz to be able to detect
uch a coupling. On the other hand, the bandwidth for extracting
he phase of the signal should be narrow as to obtain an accurate
hase estimate of the centre frequency (Chavez et al., 2006). We,
herefore, applied two different ﬁlters for the lower frequency,
he second one with a slightly broader bandwidth to extract the
lowly ﬂuctuating amplitude of the low-frequency signal.
The GLM is constructed as:
y = ˇ1 sin(x) + ˇ2 cos(x) + ˇ3ax + ε, (1)
nd can be estimated using least squares. To ensure that esti-
ation of the ˇ-coefﬁcients leads to normalised measures of
hase-amplitude and amplitude-amplitude coupling, the depend-
nt variable ay and the predictors are transformed to have zero
ean and unit variance: ay = (ay − mean(ay))/std(ay). The same
pplies to sin(x), cos(x), and ax. In this case, the amount of
xplained variance in amplitude that can be explained by the phase
quals r2PAC = (SS(ay) − SS(ay − apred ˇ1 ˇ2 ))/SS(ay), for which rPAC =
ˇ21 + ˇ22. The latter is equivalent to the more commonly used
esultant vector length approach of
∣∣ayeix
∣∣ after normalisation (see
lso Özkurt and Schnitzler, 2011b). It is bounded by the interval
0 1]. Amplitude-amplitude coupling is represented by the third
oefﬁcient cAMP = ˇ3. Like a correlation coefﬁcient, its values can
ange from -1 to 1. Finally, the total amount of explained variance
y including both the low-frequency phase and amplitude in the
odel is given by r2TOTAL = (SS(ay) − SS(ay − apred ˇ1 ˇ2 ˇ3 ))/SS(ay)
ormalisation of the amplitude values eliminates the need for a
onstant term in the GLM to capture the mean amplitude.
An overall estimate of cross-frequency coupling is obtained by
ncluding all recorded time points in the GLM. However, the follow-
ng approach can be used to assess the signiﬁcance of the estimated
alues. Instead of estimating the GLM on continuous data, the time-
eries are ﬁrst divided into K epochs of shorter duration. Each of
hese epochs k enters a separate GLM for which the ˇ-coefﬁcients
re estimated. This yields a whole set of ˇ1, ˇ2 and ˇ3 values.
he consistency of ˇ-coefﬁcients over epochs can subsequently be
valuated with a parametric statistical test. For rPAC and rTOTAL an
-test can be used on [ˇ1...K1 , ˇ
1...K
2 ], and [ˇ
1...K
1 , ˇ
1...K
2 , ˇ
1...K
3 ] respec-
ively. For cAMP a t-test can be performed on ˇ1...K3 . The frequency
ombinations with a p-value below the chosen signiﬁcance level
ndicate which cross-frequency estimates obtained from the con-
inuous data are signiﬁcant. In contrast to rPAC, the estimates for
1 and ˇ2 will be centred around zero across epochs in case of
o signiﬁcant PAC. This is a unique feature of our GLM approach,
llowing to directly test against the null hypothesis of no signiﬁ-
ant coupling. For the alternative approaches of vector length and
ntropy one would have to resort to surrogate data for comparison.
All analyses were performed in Matlab and the code is
ade freely available for general use through the SPM toolbox
http://www.ﬁl.ion.ucl.ac.uk/spm; Litvak et al., 2011b) via the func-
ion called spm eeg cfc.m. The GLM for cross-frequency coupling
etween EEG/MEG source level and a reference channel is imple-
ented in the SPM toolbox for Data Analysis in Source Space (DAiSS)
http://code.google.com/p/spm-beamforming-toolbox).
. SimulationsWe  ﬁrst demonstrate the validity of our GLM approach using
imulated time series with constructed PAC and AAC under differ-
nt levels of noise. The contribution of PAC and AAC to the signal
as systemically varied to test whether and when the GLM wasience Methods 243 (2015) 94–102
able to correctly estimate them. To generate these time series we
used
xamp = sin(Famp low2t)
xphase = sin(Fphase2t + 0x)
x = (A0 + xamp)xphase
y = (A0 + w1xphase + w2xamp) sin(Famp2t + 0y)
zsignal = x + y
znoise = (zsignal)(t)
zfull = zsignal + znoise
(2)
The signals are essentially a mix  of a low-frequency oscilla-
tor and a high-frequency oscillator, where the amplitude of the
high-frequency oscillator is modulated by both the phase and ﬂuc-
tuations in amplitude of the low-frequency oscillator. To mimic
the frequencies observed in our examples of real data, we chose
Famp = 205 Hz for the high-frequency and Fphase = 18.033 Hz for the
low-frequency oscillator. The slow ﬂuctuations in amplitude of
the low-frequency oscillator were set at Famp low = 1.95 Hz. Non-
integer frequencies were chosen to avoid exact numbers of cycles
per epoch that would make the shufﬂing of epochs for permuta-
tion tests ineffective (see below). Amplitude ﬂuctuations occurred
around a baseline level of A0 = 3. The contributions of the phase and
amplitude of the low-frequency oscillator to the high-frequency
amplitude were independently weighted by w1 and w2, respec-
tively, and varied from [0:0.25:2]. On top of the true signal we
added white observation noise (t) that was  scaled by the factor
 with values [0:0.25:1, 2:10]. For each parameter setting 20 real-
izations were performed with independent initial phases 0. The
GLM was  ﬁtted with amplitude and phase signals extracted from
bandpass ﬁlters targeted around the true coupling frequencies. The
bandwidth chosen for the low-frequency amplitude was  ±4 Hz, for
phase ±2 Hz and for amplitude ±26 Hz.
We  explored to what extent the sampling rate, number of
epochs and epoch length could inﬂuence the estimated overall
coupling values and the associated statistical inference. For this
we compared sampling rates of [600 1200] Hz, epoch lengths of
[2 4] s and [15 30] for the number of epochs. These numbers were
chosen to leave the total number of samples constant between
selected comparisons. For example, in this way the effect of dou-
bling the number of epochs could be directly compared to the effect
of doubling the length of the epochs. The total number of sam-
ples per generated time series was either 18,000, 36,000, 72,000,
or 144,000. As the number of false positives detected by the GLM
turned out to be independent of these settings, we  focused on
the hit rates of identifying true coupling under different levels of
noise. The performance for rPAC and cAMP was compared to that
of the standard permutations approach for which we created 100
surrogate time series by shufﬂing the high-frequency amplitude
across epochs within the continuous time series. We  performed
this analysis twice, with w1 = 1, w2 = 0 (hence only PAC present),
and w1 = 0, w2 = 1 (only AAC present). For both cases, we increased
the number of realizations to 200 for a better estimation of the hit
rates.
4. Real data
The ability of the GLM method to capture known cross-
frequency coupling in real data sets is crucial for its utility. We  here
capitalize on the ﬁndings of previous studies (Özkurt et al., 2011a;
López-Azcárate et al., 2010) who  showed a clear phase-amplitude
coupling between the beta band (∼20 Hz) and frequencies around
300 Hz in local ﬁeld potential recordings from the subthalamic
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ucleus (STN) in patients with Parkinson’s disease. Using our own
ata set with similar recordings (Litvak et al., 2011a) we show a
umber of cases where signiﬁcant cross-frequency coupling could
e detected using the GLM. Furthermore, as MEG recordings were
imultaneously obtained, we show an example of PAC between the
TN and ipsilateral cortical motor areas.
Full details of the experimental recordings can be found in Litvak
t al. (2011a). In brief, bilateral STN local ﬁeld potential (LFP) activ-
ty was recorded at the same time as 275 channel MEG (CTF/VSM
edTech, Vancouver, Canada) a few days after patients underwent
TN electrode implantation for deep brain stimulation treatment.
FPs were recorded using four intracranial STN electrodes on each
ide and off-line converted to a bi-polar montage between adjacent
ontacts. Sampling rate was set at 2400 Hz. Patients were instructed
o keep still during the recordings and to focus their eye gaze on
 ﬁxation cross without performing any explicit task. Recordings
ook place in separate sessions while the patient was either “on”
r “off” dopaminergic medication. We  here present a subset of the
otal dataset for illustrative purposes. Shown examples are taken
rom four different patients and selected STN electrodes (patient
: on medication – left STN; patient 2: off medication – right STN;
atient 3: on medication – right STN; patient 4: off medication –
eft STN).
The continuous recordings of about 3 min  were divided into
horter epochs of 3.4 s. Those epochs containing spike artefacts
ere discarded, which resulted in a range of 14–52 epochs ana-
ysed per example. After bandpass-ﬁltering, the ﬁrst and last 167 ms
f each epoch were removed to avoid ﬁlter ringing. GLMs were
stimated for centre frequencies between 5 and 26 Hz with 1 Hz
teps for the low-frequency component and between 100 and
00 Hz with 2 Hz steps for the high-frequency component. Band-
idth for obtaining the phase signals was ±1 Hz, for the amplitude
uctuations of the low-frequency component ±4 Hz, and for the
igh-frequency amplitude signals ±26 Hz. All epochs were concate-
ated for estimating the overall cross-frequency coupling, while
he single epochs each entered a separate GLM to test for signiﬁ-
ance at  ˛ = .01 or  ˛ = .05.
We  compared the signiﬁcance of rPAC values obtained from
he GLM to those obtained by the conventional non-parametric
pproach of shufﬂing either phase or amplitude in time. This was
one by permuting the order of epochs for the amplitude signals
nd recalculating rPAC. In this way, 200 surrogate time series were
omputed and rPAC values higher than the .95 percentile of the per-
uted values were taken to be signiﬁcant. As a third way  to test
or signiﬁcance, we made use of the threshold that was analytically
erived by Özkurt (2012). Given the large number of statistical tests
ue to the various combinations of low and high centre frequen-
ies, we also used a Bonferroni correction and controlled the family
ise error-rate using random ﬁeld theory (Brett et al., 2003). The
atter takes into account the correlation of neighbouring frequen-
ies and is therefore less conservative. In addition, we computed the
xpected number of false positives under the GLM method when
pplied to 100 surrogate time series generated as described above.
Finally, we computed PAC between high-frequency amplitude
bandpass ﬁlter 300 ± 100 Hz) of the STN and beta band phase
22 ± 7 Hz) of the simultaneously recorded MEG  data. The MEG
ignals were ﬁrst projected to source space using linearly con-
trained minimum variance beamforming (see Litvak et al., 2010).
or this we used a single shell head model based on an individual
tructural MRI  scan that was transformed to template space. The
esolution of the source space was set to 10 mm × 10 mm × 10 mm.
eamformer ﬁlters were calculated after band-pass ﬁltering the
ata with [15 29] Hz in order to obtain optimal estimates of beta
and source activity. Regularisation was set at 0.01%. Source data
ere extracted by multiplying the channel data with the esti-
ated beamformer ﬁlter weights per grid point (resulting in ‘virtualience Methods 243 (2015) 94–102 97
electrodes’). The Hilbert phase of these time series subsequently
entered the GLM as predictor, while the high-frequency amplitude
of the STN again served as the independent variable. The GLM  was
estimated for all grid points and signiﬁcance was determined in the
same way as described for within STN coupling.
5. Results
5.1. Simulations
Fig. 2 shows the estimated overall cross-frequency coupling
obtained from simulated data with known proportions of PAC and
AAC. rPAC and rAMP only deviated from zero when there was real
coupling present in the signals. Without the presence of noise, the
coupling is correctly detected at a maximum value of 1, which grad-
ually declines with lower signal-to-noise levels. This effect could
be counterbalanced by having stronger coupling coefﬁcients. This
is the case because a stronger coupling does not alter the standard
deviation of zsignal much, therefore the signal-to-noise ratio was
minimally affected while more amplitude coupling was preserved
in the Hilbert transformed signals. In case both PAC and AAC are
present in the signal, neither r2PAC or r
2
AMP was  able to explain all
the variance. The combined measure of rTOTAL could then be used
to judge the total strength of cross-frequency coupling.
The performance of the GLM in assigning signiﬁcance to esti-
mated coupling values is shown in Fig. 3. Signiﬁcant coupling was
more often detected when more data samples in total were avail-
able. For these simulations, the hit rates for 15 epochs of 4 s and
30 epochs of 2 s were equal. This means that the exact division of
the total signal into epochs is not very important. Hit rates also
increased with higher sampling rate. Compared to conventional
permutation tests the GLM detected signiﬁcant coupling less often,
and therefore has lower statistical power. This might be due to the
fact that the Hilbert amplitude of Gaussian noise inherently follows
a chi distribution with 2 degrees of freedom. The performance of the
GLM might therefore be more conservative as the residuals are not
strictly normally distributed under high levels of observation noise.
For low SNRs both methods become equally ineffective in detecting
cross-frequency coupling. False positive rates were around 5% for
the cases where no PAC or AAC was present in the signals, both for
the GLM and the permutation tests. Remarkably, the sampling rate
also had a larger effect on the overall coupling estimates than the
amount of data available, for which the curves were indistinguish-
able. Hence the number of samples per cycle appears to be more
important than the duration of the recordings.
6. Real data
To demonstrate the applicability of the GLM to real data, we ana-
lysed invasive recordings from deep brain stimulation electrodes
in the STN of patients with Parkinson’s disease. We ﬁrst analysed
the STN-LFP data in isolation looking for evidence of “local” PAC
within the STN. In line with previous studies (Özkurt et al., 2011a;
López-Azcárate et al., 2010), we were able to detect signiﬁcant PAC
between the phase of beta oscillations and the amplitude of fre-
quencies around 300 Hz. We  present examples of three patients in
Fig. 4. These cases illustrate some of the heterogeneity that may
occur in cross-frequency coupling between individuals. Whereas
the ﬁrst example shows both signiﬁcant PAC and AAC across a
wide range of alpha/beta and high frequencies, the other two  exam-
ples only show either signiﬁcant PAC or AAC in isolation. The ﬁrst
example shows that PAC may  be accompanied by AAC at the same
frequencies, which suggests a non-exclusive role for phase in con-
trolling high-frequency amplitude. The total amount of variance
98 B.C.M. van Wijk et al. / Journal of Neuroscience Methods 243 (2015) 94–102
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AC  varied. Vice versa for the second column. The third column shows the estimate
xplained by the full GLM containing both cross-frequency meas-
res is given by r2 .TOTAL
The performance of different signiﬁcance tests is shown in Fig. 5.
wo examples are shown, one with apparent PAC clearly present
nd one without. There is a strong resemblance between the results
ig. 3. The effect of varying sampling rate, epoch length and number of epochs on the st
esults for the presence of PAC only, the right panels for the presence of AAC only. The p
he  hit rate. The total amount of data available inﬂuenced the hit rate, not the division o
ore  correctly identiﬁed signiﬁcant values, as well as higher overall estimates. The latt
esignate the results for the GLM, dotted lines for the conventional permutation tests, wh
f  observation noise. Signiﬁcance level was set at  ˛ = .05.mpling rate was ﬁxed at 600 Hz, epoch length at 2 s and number of epochs at 15.
oise ratios. In the left column the amount of AAC was set at 0, while the amount of
ined for simulations where w1 equalled w2.
of the GLM and the permutation tests. Apart from a few scattered
points at mostly random frequency combinations, the pattern of
signiﬁcant values is highly similar. Out of the 3322 bins of frequency
combinations in the spectrum, the GLM assigned signiﬁcance to 122
bins (3.7%) that were not detected with the permutation tests for
atistical inference and the estimated coupling values. The panels on the left show
roportion of correctly assigned coupling estimates as signiﬁcant is designated by
f epoch length versus number of epochs. In addition, higher sampling rate led to
er were little affected by the total number and length of epochs used. Solid lines
ich had slightly higher hit rates. All plots are a function of  – the relative amount
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imultaneously at the same or different frequencies. The three patients were select
xample 1, and 104 (3.1%) for example 2. Vice versa, the permu-
ation tests assigned signiﬁcance to 163 bins (4.9%) that were not
etected with the GLM method for example 1, and 54 bins (1.6%) for
xample 2. These numbers are representative across our entire data
et (140 spectra in total), for which on average 2.6% more signiﬁcant
ins were detected with the GLM versus 3.8% for the permutation
ests. In rare cases, only the permutation tests assigned signiﬁcance
o PAC that seemed to be of a more transient nature, hence not
ig. 5. Illustration of the performance of different approaches of determining signiﬁcan
resent  (patient 1). In the second case, no apparent PAC could be observed by eye (patie
een,  they bear a strong resemblance to the results obtained from conventional permutat
re  found at uncorrected p-values, a correction for multiple comparisons could help poin
ased  on the theoretically expected distribution of normally distributed amplitudes failed
igniﬁcance to most of the frequency combinations. Lastly, the GLM identiﬁed on average
ime  series (average percentage indicated in red). (For interpretation of the references toree different Parkinson’s disease patients. Frequency bins indicated in black were
resence of signiﬁcant PAC and AAC. Either of these may  occur separately but also
m our data set to demonstrate this diversity.
consistently present across all epochs. Overall, the high similarity
between results of the GLM and permutation tests across spectra
supports the use of the GLM as an alternative to non-parametric
testing.By contrast, the analytically derived signiﬁcance threshold
(Özkurt, 2012) resulted in high numbers of signiﬁcant values, both
for the example with apparent PAC present as well as the one
without. A correction for multiple comparisons brought out the
ce levels for PAC. The left example shows a case for which clear PAC seems to be
nt 4). The results of our GLM method are depicted in the top left panel. As can be
ion tests (200 epoch-shufﬂed surrogate time series). In case clear signiﬁcant results
ting out the peak frequencies more precisely. Remarkably, the analytic threshold
 to provide accurate results. Both in the case with and without clear PAC it assigned
 the expected 5% false positives at  ˛ = .05 when it was estimated for 100 surrogate
 colour in this legend, the reader is referred to the web version of the article.)
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Fig. 6. Detection of signiﬁcant PAC between high-frequency amplitude of the STN
and  beta phase in cortical motor areas. Shown are the results of patient 2 from whom
we  analysed recordings from the right STN and simultaneously recorded MEG during
rest. The MEG  signals were projected to source space using beamforming. The GLM
was  estimated for all voxels and signiﬁcance was determined in the same way  as
described for within STN coupling. As the combination of frequencies that gives
rise to the highest PAC is unknown a priori, we selected broadband bandpass ﬁlters
for  the beta phase (22 ± 7 Hz) and the high-frequency amplitude (300 ± 100 Hz).
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nhown results are signiﬁcant at p < .001. The indicated cluster is located in the right
re-motor area and has its peak value at MNI  coordinates [46 −16 64]. The cluster
emains signiﬁcant after a whole brain FWE  cluster-level correction of p = .01.
requencies for which the peak PAC occurred in the spectrum more
learly. The family wise error-rate correction performed close to
he Bonferroni correction for these data. Finally as expected, the
verage percentage of false discoveries detected by the GLM in sur-
ogate data was 5%. These were uniformly distributed across the
pectrum and hence did not seem to bias results in a particular
requency range.
We then proceeded to look for PAC between the STN and corti-
al sources using both the STN-LFP and MEG  data. High-frequency
mplitude was again obtained from the STN recordings but now the
eta-band phase from the source-projected MEG  data was used as
redictor. In this way, inter-regional cross-frequency coupling may
e revealed. Although such coupling might be weaker and harder
o detect, we did observe some examples for which signiﬁcant cou-
ling could be observed with ipsilateral motor areas. Fig. 6 shows
n example of a patient for whom signiﬁcant PAC could be detected
etween the left STN and the left the motor cortex.
. Discussion
We  have shown the applicability of parametric estimation of
hase-amplitude and amplitude-amplitude coupling using a gen-
ral linear model. Although its statistical power was slightly lower
ompared to permutation tests in the simulations, a comparison
etween the two for real data revealed a highly consistent pattern.
he presented GLM allows for disentangling the contributions of
AC and AAC and detecting for which frequencies they occur simul-
aneously. The implementation is relatively simple and reduces
omputational cost by obviating the need for permutation tests.
oreover, the framework could be easily extended by including
dditional predictors that could be of interest to speciﬁc stud-
es, for example to study other forms of coupling, to account for
on-linearities in phases (non-sinusoidal waveforms) (Kramer andience Methods 243 (2015) 94–102
Eden, 2013) or to remove confounding factors. Cross-frequency
terms might even be included in convolution models that explain
time-frequency responses to presented stimuli (Litvak et al., 2013).
We were able to reproduce previously reported PAC in our own
data set. Although the exact frequencies of PAC and AAC varied,
signiﬁcant values were found in a large number of patients, of
which we show a few representative examples. In addition, we
present a novel ﬁnding showing that the high-frequency amplitude
is not only coupled to the beta phase within the STN, but a signif-
icant locking to the beta phase of cortical motor areas may also
be detected. While it is known that these regions show beta band
coherence (Litvak et al., 2011a), our ﬁndings might reﬂect a possi-
ble indirect path between cortical beta phase and high-amplitude
activity in STN. In principle, the GLM also offers the possibility to
include the phase or amplitude of other frequency bands or brain
regions as additional regressors, to investiage whether the esti-
mated cross-frequency coupling has explanatory value on top of
the contribution of other regressors. A more in-depth investigation
of cross-frequency coupling between STN and cortical regions will
be conducted in a future study.
As demonstrated in the simulations, the quality of the estimated
ˇ-coefﬁcients strongly depends on the signal-to-noise ratio, the
amount of actual coupling present in the signal, and may  improve
with higher sampling rates. Likewise, the successful detection of
signiﬁcant values also depended on these settings. With more data
points available to compute the Hilbert amplitude and phase, we
postulate that higher sampling rates make the identiﬁcation of PAC
and AAC more accurate. Higher sampling rates even outweighed the
effect of adding more data when it comes to estimating the overall
coupling values. On the other hand, hit rates may  be improved by
including more and/or longer epochs in cases with relatively large
observation noise. As we  also observed empirically in our data set,
the trade-off between epoch length and number of epochs is not
very critical in detecting signiﬁcant values. Obviously, the choice
of epoch length is bounded by the fact that adequate numbers of
epochs should remain in order to justify the F- or t-tests. Conversely,
enough data samples should be available per epoch to estimate the
ˇ-coefﬁcients.
Notably, the analytical signiﬁcance threshold (Özkurt, 2012) led
to large numbers of signiﬁcant values for our data, even when no
obvious PAC was  present by eye. A closer look at the distribution of
amplitude values revealed a right-skewed distribution, which vio-
lates the assumption of normally distributed amplitudes used in the
derivation. Despite the vast reduction in computation time, it pro-
duced an unacceptably large number of false positives in our case.
The GLM seems to offer a better compromise despite the somewhat
lower statistical power compared to permutation tests. Although
the computational cost may  still be extensive as the GLM needs to
be computed for individual epochs, it is substantially faster than
computing rPAC for large numbers of surrogate data. To give an
example, the computation of the GLM for the data presented in
Fig. 5a took 6 min  and 40 s on our desktop computer (64-bit Win-
dows 7, 3.20 GHz Intel Xeon CPU, 12 GB RAM). On the other hand,
a permutation test of 200 surrogates of the same data took almost
159 min  to compute (via the resultant vector length method). This
represents a ∼24-fold reduction in computation time for the GLM.
After a Fisher z-transformation of the amplitude and GLM pre-
dictors, rPAC becomes equivalent to the resultant vector length after
correct normalisation. This standardisation ensures that rPAC values
could be interpreted quantitively, as the average amplitude level
and the size of the ﬂuctations have been made irrelvant. This also
allows for comparisons between conditions that show differences
in spectral power, although increases in signal-to-noise ratio might
lead to better estimation of phase and amplitude and therefore to
larger PAC values. When both PAC and AAC are present in the data,
neither r2PAC or r
2
AMP will reach to 1, as shown in the simulations. It
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ould be useful in those cases to look at the combined measure of
2
TOTAL instead.
The examples presented in this study are taken from individual
ubjects. It would however be relatively straightforward to perform
 group analysis using GLM. The statistics are similar to that used for
ingle epochs: an F-test for [ˇ1, ˇ2] to test for rPAC and [ˇ1, ˇ2, ˇ3]
or rTOTAL, and a t-test for cPAC. Instead of the ˇ-coefﬁcients for single
pochs, the ˇ-coefﬁcients obtained from the GLMs applied to the
ontinuous data are entered. Another contrast that could be tested
s that of the full GLM compared to a reduced version containing
nly phase or amplitude predictors. In this way, one could explicitly
est for the presence of added AAC to PAC or vice versa.
Detection of cross-frequency coupling in multi-channel recor-
ings could be improved by using an optimal linear combination
f sensors that maximizes the cross-frequency estimates, as was
hown for multi-frequency phase-locking (Nikulin et al., 2012) and
mplitude-amplitude correlations (Dähne et al., 2014). Related to
his is the method by Sampson et al. (2012), where phase-amplitude
oupling is modelled parametrically with a Fourier series and a
patial ﬁlter is sought to maximize the coupling strength. Besides
iving a best possible estimate of the coupling strength, these
ethods also help localising where the coupling occurs (on sen-
or/channel level).
It should be noted that various factors could give rise to false
etections of cross-frequency coupling. A clear and in-depth dis-
ussion on this topic is presented by Aru et al. (2014). They describe
ow non-linearities of the low-frequency oscillation could readily
ead to detectable PAC with higher frequencies. Also the simulta-
eous modulation of phase and amplitude by an external factor
ould give rise to apparent PAC even though no mechanistic inter-
ction between the two exists. This may  especially play a role in
vent-related designs where an external stimulus may modulate
oth the low-frequency phase and high-frequency amplitude inde-
endently. Finally, care should be taken that the bandwidths of the
ow and high frequencies do not overlap to avoid spurious cou-
ling. This is why it is difﬁcult to look at phase-amplitude coupling
etween neighbouring frequency bands such as alpha and beta. It
s less of a concern when the phase and amplitude are extracted
rom different signals coming from separate brain regions. Taking
hese issues into account, detected cross-frequency coupling might
ot always have high biological relevance despite statistical tests
ndicating its signiﬁcance.
As with most measures of functional connectivity, the PAC
nd AAC estimated by the GLM are merely correlational. They
o not reveal the neurophysiological mechanisms that are caus-
ng the cross-frequency coupling. The low-frequency phase might
rescribe when the high-frequency amplitude is high or low but
ikewise, it could be rhythmic ﬂuctuations in amplitude that drive
ower-frequency activity. Invasive recordings are required to see
hether these oscillations are generated by separate types of
eurons and may, therefore, provide a means of neural informa-
ion processing. Importantly, Spaak et al. (2012) identiﬁed that
ross-frequency coupling could occur between neurons in differ-
nt cortical layers. Using layer-speciﬁc recordings from primate
1, they revealed a robust coupling between the alpha phase
f infragranular layers and the gamma  amplitude of granular
nd supragranular layers. In addition, they found evidence for a
egative amplitude-amplitude coupling by showing that gamma
mplitude tended to be high when alpha amplitude was  low. These
ndings hint at a mechanistic role of cross-frequency coupling
ithin the cortical column, and could possibly extend to inter-
egional interactions.
Another way of investigating the generative mechanisms
ehind cross-frequency coupling is through computational mod-
lling. In particular biologically detailed models such as the
anonical microcircuit model proposed by Bastos et al. (2012) mayience Methods 243 (2015) 94–102 101
prove useful in interpreting experimental ﬁndings as they have
done in dynamic causal modelling (Moran et al., 2013), especially
because they describe the dynamics of neural subgroups within
different layers and their interactions. The GLM method proposed
in this paper may  provide a step towards this by providing a reli-
able method to detect patterns of cross-frequency coupling in data
recordings.
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